Crouzon syndrome is characterized by premature fusion of sutures and synchondroses. Recently, the first mouse model of the syndrome was generated, having the mutation Cys342Tyr in Fgfr2c , equivalent to the most common human Crouzon/Pfeiffer syndrome mutation. In this study, a set of micro-computed tomography (CT) scannings of the skulls of wild-type mice and Crouzon mice were analysed with respect to the dysmorphology caused by Crouzon syndrome. A computational craniofacial atlas was built automatically from the set of wild-type mouse micro-CT volumes using (1) affine and (2) non-rigid image registration. Subsequently, the atlas was deformed to match each subject from the two groups of mice. The accuracy of these registrations was measured by a comparison of manually placed landmarks from two different observers and automatically assessed landmarks. Both of the automatic approaches were within the interobserver accuracy for normal specimens, and the non-rigid approach was within the interobserver accuracy for the Crouzon specimens. Four linear measurements, skull length, height and width and interorbital distance, were carried out automatically using the two different approaches. Both automatic approaches assessed the skull length, width and height accurately for both groups of mice. The non-rigid approach measured the interorbital distance accurately for both groups while the affine approach failed to assess this parameter for both groups. Using the full capability of the non-rigid approach, local displacements obtained when registering the non-rigid wild-type atlas to a non-rigid Crouzon mouse atlas were determined on the surface of the wild-type atlas. This revealed a 0.6-mm bending in the nasal region and a 0.8-mm shortening of the zygoma, which are similar to characteristics previously reported in humans. The most striking finding of this analysis was an angulation of approximately 0.6 mm of the cranial base, which has not been reported in humans. Comparing the two different methodologies, it is concluded that the non-rigid approach is the best way to assess linear skull parameters automatically. Furthermore, the non-rigid approach is essential when it comes to analysing local, non-linear shape differences.
Introduction
Crouzon syndrome was first described nearly a century ago when calvarial deformities, facial anomalies and abnormal protrusion of the eyeballs were reported in a mother and her son (Crouzon, 1912) . Later, the condition was characterized as a combination of a few traits: premature fusion of the cranial sutures (craniosynostosis), orbital deformity, maxillary hypoplasia, beaked nose, crowding of teeth and high arched or cleft palate.
Shape deviations due to Crouzon syndrome in humans have been addressed in a few studies. The methods used for the analyses include roentgencephalometric measurements (Kreiborg, 1981) , finite element scaling analysis (Richtsmeier, 1987) , Euclidean distance matrix analysis (EDMA) (Lele & Richtsmeier, 1991) , smooth surface curvature measures (Cutting et al. 1995) and basic cephalometry (Carinci et al. 1994) . The major findings from these studies with respect to malformations in Crouzon patients are reported in Table 1 .
Genetic alteration of the murine genome has become a standard tool in the field of craniofacial developmental biology. Numerous mouse models for craniofacial anomalies now exist, each with a unique phenotype (Thyagarajan et al. 2003) . The use of three-dimensional (3D) microcomputed tomography (CT) is becoming an increasingly popular technique for anatomical analyses of these models, with comparison to unaffected mice and other mutant mice being performed (Paulus et al. 2001; Song et al. 2001; Recinos et al. 2004) .
Heterozygous mutations in the gene encoding fibroblast growth factor receptor type 2 ( FGFR2 ) have been found responsible for Crouzon syndrome (Reardon et al. 1994) . Recently, a mouse model was created to study one of those mutations ( FGFR2 Cys342Tyr ) (Eswarakumar et al. 2004) . This model was analysed in a recent study using micro-CT head scans of a group of (unaffected) wild-type mice and a group of Crouzon mice. The study proved that the mouse model was applicable to reflect the craniofacial deviations occurring in humans with Crouzon syndrome, confirming many of the morphological traits seen in previous studies on humans (see Table 1 ). This was achieved by a comparison of linear measurements obtained manually on the surfaces and by applying EDMA to a set of landmarks on the surfaces (Perlyn et al. 2006) .
To assess local deviations of mutant mice from normal further and automatically, this study adopts the concept of a computational atlas. The term atlas has many meanings in the field of biomedical research. An experienced medical practitioner defines pathology by estimating the deviation from a typical normal subject in his/her mind. This reference frame could be referred to as a 'mental atlas'. This type of atlas is obviously only qualitative and very subjective. Traditional anatomical atlases can be found in textbooks (e.g. Staubesand, 1989) but they provide only a 2D schematic representation of the anatomy and can be interpreted in different ways depending on the user. Often, the anatomy of a single normal, healthy subject is referred to as an atlas and used as a reference frame when estimating deviations due to pathology. A more correct way of defining such a reference frame is to use the average of a set of normal subjects. This can, for example, be a set of points delineating an anatomical structure averaged over a set of subjects (e.g. Subsol et al. 1998) . Inclusion of more anatomical details results in shape-and intensitybased atlases constructed from a set of images in two, three (e.g. Christensen et al. 1996; Joshi et al. 2004; Brandt et al. 2005) or even four dimensions (e.g. Perperidis et al. 2005a) . This type of atlas will be referred to as a computational atlas in the remainder of this paper.
Computational atlases have many applications. In most cases, they are deformable, meaning that it is possible to deform them into the corresponding anatomy of any subject within a population. These properties allow automatic linear or volumetric measurements and segmentation of different structures and organs (e.g. Lorenzo-Valdes et al. 2003; Park et al. 2003; Cuadra et al. 2004; Duay et al. 2006; Zhang et al. 2006) . By creating probabilistic atlases, deviations from normal can be assessed in a statistical manner (e.g. Le Goualher et al. 1999; Thompson & Toga, 1997; Mazziotta et al. 2001) .
The primary goal of the present study was to build automatically a computational atlas from the set of wildtype mice and apply it to study craniofacial malformations. Using recent techniques from image analysis, this paper presents the automatic construction of two types of craniofacial wild-type mouse atlases directly from the micro-CT data. The deformable nature of the atlases allows for automatic assessment of linear parameters of the skull and, in this paper, four parameters are studied and analysed with respect to Crouzon dysmorphology. In order to assess the local malformations, the amount of deviation when deforming a wild-type mouse atlas into a Crouzon mouse atlas is determined and analysed.
The paper is organized as follows. The methods section covers data acquisition followed by an introduction to the image analysis methods and atlas construction. This section is concluded by stating how these factors are combined into a method allowing for automatic assessment of 3D landmarks and local shape deviations. The results section provides experimental results by a qualitative and a quantitative validation of the automatic assessments and an analysis of the global and local deviation of Crouzon mice from wild-type mice.
Materials and methods

Data material
Micro-CT scans of a control group of ten wild-type mice and ten Crouzon ( Fgfr2 C342Y/ + ) mice were studied. The production of the Fgfr2 C342Y/ + and Fgfr2 C342Y/C342Y mutant mouse (Crouzon mouse) was carried out as described by Eswarakumar et al. (2004) . All procedures were in agreement with the United Kingdom Animals (Scientific Procedures) Act, guidelines of the Home Office and regulations of the University of Oxford. Mutant mice of breeding age specimens at 6 weeks of age (42 days) were killed via CO 2 asphyxiation and whole mount skeletal preparations were made. They were sealed in conical tubes and shipped to the micro-CT imaging facility at the University of Utah, USA. Three-dimensional volumes of the skull of size 720 × 480 × 480 voxels were obtained at approximately 46 × 46 × 46 µ m resolution per voxel using a General Electric Medical Systems EVS-RS9 micro-CT scanner. Prior to processing the images, the neck part was removed from all 20 images as the mice were decapitated at different positions prior to scanning. The hyoid bone was also removed due to its random position and scanning artefacts. Additionally, due to different jaw positions and the fact that the deviation in mandible shape is a secondary effect of the syndrome, the mandible was also masked out for all 20 specimens. Figure 1 (B,C) gives an example of the imaging data appearance, after extracting surfaces from the CT images.
Image registration
In order to build a computational atlas from the micro-CT images, the corresponding regions across subjects must be averaged. However, the original images are not defined in a common coordinate system so the different regions do not correspond. Therefore, image registration is required. The goal of image registration is to warp one image, the source, into the coordinate system of another image, the target, using an optimal transformation T . A basic image registration algorithm requires the following: • a transformation model, T • a measure of image similarity • an optimization method to optimize the similarity measure with respect to the transformation parameters In this study, two different transformation types were used, an affine transformation and non-rigid deformations based on B-splines (Rueckert et al. 1999; Schnabel et al. 2001 ). The first captures global, linear differences between the images while the latter covers local, non-linear differences. In both cases, normalized mutual information (Studholme et al. 1999 ) (NMI) was used as a similarity measure and gradient descent optimization is applied. These terms are covered in the following.
Affine registration
Affine registration applies an affine transformation to map the source image into the target. Affine transformation is a linear transformation, defined by
where, in three dimensions, x is a vector holding the 3D point coordinates ( x, y, z ), t is a vector holding the three translation parameters and A is a 3 × 3 matrix of parameters, including rotation, scaling and shearing (Sonka & Fitzpatrick, 2000) . In this study, the affine transformation is restricted to nine transformation parameters. These represent translation and rotation in addition to anisotropic scaling. An anisotropic scaling model was chosen, as the largest differences between the two groups of mice are length, width and height of the skull. Due to the small number of parameters being optimized, the registration is fast but the drawback is that only global differences between the images are taken into account while local differences are ignored.
Non-rigid registration based on B-splines
To obtain more accurate registration focusing on local differences, non-linear transformations are required. A widely used method for this purpose is the non-rigid registration algorithm using B-spline-based free-form deformations (FFDs) (Rueckert et al. 1999; Schnabel et al. 2001) . In this case, a composition of a global and a local transformation,
is applied. The global model has already been described by the affine transformation. In three dimensions, the local transformation model, the FFD, is defined by an n x × n y × n z mesh of control points Φ Φ Φ Φ with spacing ( δ x , δ y , δ z ). The underlying image is then deformed by manipulating the mesh of control points. The FFD model can be written as the tensor product of the 1D cubic B-splines:
represent the basis functions of the B-spline:
The transformation creates a dense deformation vector field which can be assessed at any point in the image.
Normalized mutual information as a similarity measure
In order to bring images into correspondence by image registration, the degree of similarity between the two images needs to be defined. The NMI is based on entropy measures in the two images. The marginal entropy in an image relates to the information content, or more intuitively it measures the uncertainty of guessing a voxel intensity. In image M with voxel intensities m∈M the marginal entropy is defined as (4) where p{m} is the marginal probability. The joint entropy is defined on the overlapping region between the two images M and N with voxel intensities m∈M and n∈N,
where p{m,n} is the joint probability. This corresponds to the information content of the combined scene or the probability of guessing a pair of voxel intensities. Mutual information describes the difference between the sum of the marginal entropies and the joint entropy and by dividing by the joint entropy, NMI is defined as
The strength of entropy measures, such as NMI, is their ability to cope with two different modalities (e.g. Wells et al. 1996; Studholme et al. 2000) but they have been widely used with good results in intramodality applications as well (e.g. Perperidis et al. 2005b; Shekhar & Zagrodsky, 2002; Rueckert et al. 2003) .
Atlas construction
Two types of computational, deformable atlases were constructed from the set of wild-type mice in an iterative manner using (1) affine registration only and (2) non-rigid registration (a combination of an affine registration and B-spline-based non-rigid registration). From this point on the atlases will be referred to as the affine atlas and the non-rigid atlas. Additionally, a non-rigid Crouzon atlas was built for average shape comparison purposes. All three atlases were built according to the procedure listed in Algorithm 1. Algorithm 1 Atlas construction 1: atlas = a selected reference mouse from the group (wild-type or Crouzon) 2: repeat 3: Register all mice from the given group to atlas 4: atlas = Intensity average of all registered mice 5: until atlas stops changing 6: Register atlas to all mice from the given group 7: Transform atlas by T = the average transformation obtained in step 6
Lines 3 and 6 in the algorithm are carried out using either affine or non-rigid registration depending on the type of atlas being constructed. In line 5, the root-mean-square 
(rms) error between the voxel intensities of the current atlas and the previous atlas is calculated and an appropriate threshold value chosen to define the state where the atlas stops changing. Lines 6 and 7 from Algorithm 1 are intended to reduce the bias in shape towards the choice of reference subject as previously done with good results (Guimond et al. 2000; Rueckert et al. 2003) . The affine and the non-rigid atlas are shown in Fig. 2 and the non-rigid Crouzon atlas is shown in Fig. 3(A-C) . Finally, Fig. 3(D,E) shows the non-rigid wild-type atlas and the non-rigid Crouzon atlas as surfaces extracted from the volumes.
Assessment of global linear parameters
Having constructed a computational atlas, it was then possible to carry out various measurements on it. Subsequently, corresponding measurements for any subject can be determined automatically. This is done by propagating the measurements on the atlas onto the subject according to the transformation, T, required to register the subject image to the atlas image. For the affine atlas, affine transformations (T global ) are used to estimate the measurements and similarly for the non-rigid atlas, non-rigid deformations (T global + T local ) are used. To give an example of the capability of the automatic registrations, a few linear measurements of the skull are examined. In practice any linear measurement can be carried out on the atlas and measured automatically in any of the subjects. The parameters studied here are:
The skull parameters were defined on the mouse skull following as closely as possible the definitions in humans. Figure 4 gives a graphical illustration of the parameters. Additionally, it shows 36 anatomical landmarks which are used for a quantitative validation of the registration accuracy. In this study, only 26 of the landmarks are used, as ten landmarks are located on the mandible, which has been removed from the images.
Assessment of local deviations
Utilizing the full capability of the non-rigid approach, the deformation field from a given registration can be used to calculate the displacement in millimetres in each point on the source skull and in that way assess local differences between the source and the target.
Experimental results
All 20 cases were registered (1) to the affine wild-type atlas by affine transformations and (2) to the non-rigid wild-type atlas by non-rigid transformations. Each affine registration took 99 s on average whereas each non-rigid registration took 5230 s (87 min and 10 s) on average [using a Silicon Graphics Altix 350 with 16 Intel Itanium (1.5 GHz) true 64-bit processors with 32 GB of shared memory]. Secondly, the Crouzon atlas was registered to the wild-type atlas in order to assess the average local shape differences between the two groups. For the non-rigid registrations, control point spacings of 3, 1.5 and 0.75 mm were used. In all cases, four landmarks were used to align the mice roughly with respect to their midsagittal planes (MSPs) and standard horizontal planes prior to registration. This was done to initialize the registration close to the region of capture for NMI.
The registration accuracy was estimated both qualitatively in terms of difference images and quantitatively in terms of anatomical landmarks (as displayed in Fig. 4) . The automatic assessment of the four linear parameters was evaluated directly with focus on the accuracy and with respect to global differences between the groups. Finally, the local differences obtained from the Crouzon atlas to wild-type atlas registration were quantified and visualized on the surface of the wild-type atlas.
Qualitative validation of registration accuracy
A visual impression of the accuracy when registering the affine atlas to a Crouzon mouse is provided by difference images in Fig. 5 . Similar visualization is shown for the non-rigid atlas in Fig. 6 .
Quantitative validation of registration accuracy
The registration accuracy was further examined in a quantitative manner. For this purpose, 26 of the anatomical landmarks from Fig. 4 were applied. Two independent observers annotated the set of images according to Fig. 4 . The average of the two annotations was used as a gold-standard (GS). The GS landmarks on the atlas were then propagated automatically to all subjects using the previously obtained optimal transformations for each approach. Subsequently, landmark errors were estimated. These are defined by the point-to-point error, i.e. the Euclidean distance from an automatically obtained landmark to the corresponding GS landmark. A statistical analysis of the landmark errors as described in the Appendix was performed. The analysis revealed that the two automatic approaches performed equally as well with the observers for the wild-type mice and both had lower variance. For the Crouzon mice, landmark no. 31 was defined as an outlier (see Discussion) and was excluded from the analysis. The statistical tests concluded that the affine approach performed significantly worse than the observers while the non-rigid was as accurate as the observers. The landmark errors were scaled to provide a reasonable comparison, as described in the Appendix. The scaled errors are shown in Fig. 7 using box and whisker plots. [The following definition of a box and whisker plot is used here. The box surrounds measurements between the upper and the lower quartile of the data. The line inside the box denotes the median of the data. The maximum 
Automatic assessment of linear skull parameters
The skull parameters listed in the Methods were assessed automatically using (1) affine and (2) non-rigid registration. Figure 8 shows boxplots demonstrating the deviation of each of the methods from the GS for each group of mice (scaled as suggested in the Appendix).
Having assessed the accuracy of the automatic measurements, it is interesting to know the true values of the parameters and see how they deviate between the two groups of mice. This is illustrated in Fig. 9 for the GS as well as the two automatic assessments. Additionally, the group means and percentage increase or decrease are given for each of the three approaches in Table 2 .
Automatic assessment of local deformations between wild-type atlas and Crouzon atlas
In order to estimate the local deformations between the wild-type and Crouzon groups, the non-rigid wild-type atlas was registered non-rigidly to the Crouzon atlas. The deformation vector field obtained from this registration was used to estimate displacement (in mm) at each point of the surface of the wild-type atlas. Figure 10 shows the effect of the scaling component from T global while Fig. 11 shows the local displacements from T local .
Discussion
Judged from Fig. 2 the non-rigid atlas is more accurate than the affine atlas, i.e. all structures are sharper than in the more blurry affine atlas. However, the affine atlas is much simpler to deal with considering the small number of parameters and the low computation time. The appropriate type of atlas should be selected carefully with respect to the application in question. Figures 5 and 6 imply that the non-rigid registration increases the accuracy from affine registration considerably. The post-affine registration difference images indicate that local differences around the zygoma, the maxillary molars and at the most anterior part of the internal cranial base have not been matched accurately. In the post-non-rigid registration difference image, however, all local structures appear to have been matched accurately during the registration.
The quantitative assessment of registration accuracy in Fig. 7(A-C) indicates that for wild-type cases, both of the /√2) (A,D) . Landmark errors between gold standard and automatic landmarks (scaled by √(2/3)) using the affine approach (B,E) and the non-rigid approach (C,F). The scaling factors are applied to obtain reasonable comparisons as explained in the Appendix. automatic methods are more consistent than the human observers. This was confirmed in the statistical analysis of the variances. In the interobserver plot in Fig. 7(A) there are even large outlier errors in some of the landmarks (2, 3, 4 and 34) . This is often the risk when using manual assessments, as human errors cannot be prevented entirely. For both of the automatic methods (see Fig. 7B,C) , all errors are below 1 mm. Figure 7 (D,E) implies that for the Crouzon cases, the non-rigid approach outperforms both the affine approach and the interobserver errors. As confirmed in the statistical analysis, the non-rigid tool is both more robust and gives smaller errors, apart from landmark no. 31, which seems to be problematic for both of the automatic tools. According to Fig. 4 this landmark is placed at the nasion, e.g. at the intersection of the sutura sagittalis and the sutura frontonasalis. The fact that these sutures are not visible in some of the Crouzon cases, depending on the severity of the symptoms, makes it hard to match the region automatically, no matter which similarity measure is chosen. Experienced human observers seem to be better at guessing the position of this particular landmark. In practice this single cumbersome landmark could be assessed by a human observer after applying the non-rigid tool to estimate all other landmark positions automatically. Figure 8 shows that all the absolute differences in skull parameters between observers are around 0.3 mm or lower for both groups of mice (Fig. 8A,D) . The absolute errors between the affine approach and the GS are slightly higher for both groups of mice (Fig. 8B,E) . For the non-rigid approach, the errors are around 0.1 mm and the variance of the errors is very low for all parameters and both groups, implying that the non-rigid approach is the most consistent (Fig. 8C,F) .
Testing the automatic assessments vs. the GS in a t-test (5% level of significance) revealed equal means for the non-rigid approach and GS. The affine approach differed from the GS when assessing the IOD for both groups but was equally good when assessing the remaining three parameters. This might indicate that the affine approach is not adequate when assessing parameters other than those directly related to the anisotropic scaling involved in the affine registration. Figure 9 implies that all three approaches (GS, affine, non-rigid) show the two groups to be different in terms of all four parameters. This was confirmed by a t-test revealing highly significant differences in the group means. Note, however, that because the affine approach failed to assess the IOD accurately, the group differences in IOD due to the affine approach are not relevant. The values from the GS and the non-rigid approach from Table 2 indicate that for Crouzon mice, the skull is approximately 16% shorter, 7% wider and 10-11% higher. The IOD is 11-12% higher for Crouzon cases. These findings are in good agreement with earlier studies on humans and mice, as seen in Table 1 (calvaria, orbital region) (Kreiborg, 1981; Perlyn et al. 2006) . Figure 10 indicates that the scaling differences between the two groups occur mainly in the sagittal axis, as expected given the large difference in skull length between the two groups. Judged from Fig. 11(A) , the zygoma is approximately 0.8 mm shorter in the Crouzon cases (as it is 0.4 mm shorter at both 'ends'). Furthermore, Fig. 11(B) reveals that the largest local differences (0.6 mm and larger deviation) occur at the cranial base and in the nasal region. The average Crouzon case has an angulation in the cranial base and a bending in the nasal region. As seen in Table 1 , shortening of the nasal bone and cavities has previously been reported for humans and mice (Kreiborg, 1981; Carinci et al. 1994; Perlyn et al. 2006) . Moreover, shortening of the zygoma has been reported in humans (Kreiborg, 1981) . However, the angulation of the cranial base is a novel finding and it is believed that it is worthy of further study with regard to humans.
With respect to the methodology, it is concluded that the non-rigid approach out-performs the affine approach, with respect both to landmark accuracy and to the automatic linear measurements on the skull. When examining local, non-linear deviations, a non-rigid approach becomes essential. Future work will include a further analysis of the local deformations, incorporating statistical tests on the deformation field to estimate the significance of the findings.
where D 1,2 and D A,12 are independent. From the above we note that it is possible to test the differences in bias [H 01 : µ 1 = µ 2 and H 02 : µ A = (µ 1 + µ 2 )/2] using t-tests. Furthermore, if we introduce the average observer variance as , we get (A3) where D 1,2 and D A,12 are independent. From this we see that with no knowledge of the correct position (no GS), the average observer variance can be estimated as half the variance of the differences between the observer positions. Furthermore, the automatic method variance can be estimated by subtracting the estimated observer variance from the empirical variance of the differences between the automatic method and the average of the two observers. Finally, we note that the two types of differences are independent and thus uncorrelated. A formal F-test of the hypothesis that, for example, the variance of the automatic method is equal to that of an observer ( ) can now be performed by adjusting the respective empirical variances by factors of 1/2 and 2/3.
The adjustment can also be performed directly on the differences using the factors 1/√2 and √(2/3), respectively. This is useful for plotting purposes as plots of the two types of differences can be compared more easily -especially when we can assume no bias (or at least that they are equal).
The above was derived for one dimension. Similar derivations can be done for three dimensions. However, if positioning-error in the x, y and z dimensions can be assumed independent of each other and with the same variance, then the variance estimates can be pooled. This is equivalent to having three times the number of observations. : σ σ =
